The 5′-untranslated region (5′-UTR) of mRNAs contains elements that affect expression, yet the rules by which these regions exert their effect are poorly understood. Here, we studied the impact of 5′-UTR sequences on protein levels in yeast, by constructing a large-scale library of mutants that differ only in the 10 bp preceding the translational start site of a fluorescent reporter. Using a high-throughput sequencing strategy, we obtained highly accurate measurements of protein abundance for over 2,000 unique sequence variants. The resulting pool spanned an approximately sevenfold range of protein levels, demonstrating the powerful consequences of sequence manipulations of even 1-10 nucleotides immediately upstream of the start codon. We devised computational models that predicted over 70% of the measured expression variability in held-out sequence variants. Notably, a combined model of the most prominent features successfully explained protein abundance in an additional, independently constructed library, whose nucleotide composition differed greatly from the library used to parameterize the model. Our analysis reveals the dominant contribution of the start codon context at positions −3 to −1, mRNA secondary structure, and out-of-frame upstream AUGs (uAUGs) to phenotypic diversity, thereby advancing our understanding of how protein levels are modulated by 5′-UTR sequences, and paving the way toward predictably tuning protein expression through manipulations of 5′-UTRs.
The 5′-untranslated region (5′-UTR) of mRNAs contains elements that affect expression, yet the rules by which these regions exert their effect are poorly understood. Here, we studied the impact of 5′-UTR sequences on protein levels in yeast, by constructing a large-scale library of mutants that differ only in the 10 bp preceding the translational start site of a fluorescent reporter. Using a high-throughput sequencing strategy, we obtained highly accurate measurements of protein abundance for over 2,000 unique sequence variants. The resulting pool spanned an approximately sevenfold range of protein levels, demonstrating the powerful consequences of sequence manipulations of even 1-10 nucleotides immediately upstream of the start codon. We devised computational models that predicted over 70% of the measured expression variability in held-out sequence variants. Notably, a combined model of the most prominent features successfully explained protein abundance in an additional, independently constructed library, whose nucleotide composition differed greatly from the library used to parameterize the model. Our analysis reveals the dominant contribution of the start codon context at positions −3 to −1, mRNA secondary structure, and out-of-frame upstream AUGs (uAUGs) to phenotypic diversity, thereby advancing our understanding of how protein levels are modulated by 5′-UTR sequences, and paving the way toward predictably tuning protein expression through manipulations of 5′-UTRs.
post-transcriptional regulation | computational prediction | AUG sequence context | mRNA folding | upstream start codons T he control of protein expression is a fundamental process of living cells. Much progress has recently been made in understanding how information encoded within DNA regulatory sequences is converted to yield a precise expression output (1) (2) (3) (4) . However, functional elements are also embedded within RNA sequences, such as 5′-untranslated regions (5′-UTRs). Accumulating evidence has revealed the importance of 5′-UTRs in shaping eukaryotic protein expression (5) (6) (7) (8) (9) (10) (11) (12) . Such 5′-UTR sequences encode a variety of cis-regulatory elements, including a 5′-cap structure (13) , a translation initiation motif (14) (15) (16) , upstream AUGs (uAUGs) and upstream ORFs (17, 18) , internal ribosome entry sites (19) , terminal oligo-pyrimidine tracts (20) , secondary structures (21) , and G-quadruplexes (22) . Many of these elements were shown to control protein levels by altering the efficiency of translation (7) (8) (9) 11) , whereas some elements affect translation and in addition, transcription (15) or mRNA degradation (23) . Despite much progress, significant challenges remain in deciphering the rules by which multiple elements combine to fine-tune protein expression, as well as in quantifying the degree of expression variation that may be jointly explained by known and novel regulatory elements.
Traditionally, the impact of 5′-UTR elements on protein abundance is determined experimentally by comparing a perturbed 5′-UTR sequence with an appropriate control (16, (23) (24) (25) (26) (27) (28) (29) (30) (31) (32) (33) (34) (35) (36) . Although valuable insights emerged from such studies, they frequently focused on the influence of sequence manipulations on a single type of regulatory element. When several elements were examined, the relative contribution of each element and their pooled effect remained largely unclear. More importantly, previous investigations generated a relatively small number of sequence variants and, thus, were of limited utility for inferring predictive models of the effect of 5′-UTRs on protein abundance. Therefore, we have set out to develop a quantitative model of the impact of 5′-UTR-encoded elements on protein abundance in Saccharomyces cerevisiae by generating a large pool of sequence variants that differ only in the 10 bp immediately upstream of the start codon of a fluorescent reporter. To this end, we fused the RPL8A (YHL033C, a ribosomal protein) promoter to a yellow fluorescent protein (YFP) reporter and constructed a large-scale 5′-UTR library by introducing random mutations between positions −10 to −1 (relative to A[+1] of the AUG start codon). As the 5′-UTR of the RPL8A gene is relatively short (17 bp), our method can survey a significant fraction of the 5′-UTR sequence. Adapting a recent high-throughput sequencing approach (3), we obtained highly accurate measurements of protein abundance for 2,041 5′-UTR variants. We found that these sequence variants span an approximate sevenfold continuous range of expression values. Using computational analysis, we identified several key regulatory elements that determine protein expression output, including the AUG sequence context at positions −3 to −1, mRNA secondary structure, outof-frame upstream start codons, and short k-mer sequences.
Significance
This study quantifies how protein levels are determined by the underlying 5′-UTR sequence of an mRNA. We accurately measured protein abundance in 2,041 5′-UTR sequence variants, differing only in positions −10 to −1. We show that a few nucleotide substitutions can significantly alter protein expression. We also developed a predictive model that explains twothirds of the expression variation. We provide convincing evidence that key regulatory elements, including AUG sequence context, mRNA secondary structure, and out-of-frame upstream AUGs conjointly modulate protein levels. Our study can aid in synthetic biology applications, by suggesting sequence manipulations for fine-tuning protein expression in a predictable manner.
We developed robust models that have faithfully reproduced the observed quantitative changes in YFP abundance. Although we constructed the models on randomly selected subsets of 5′-UTR sequences, they explained, on average, 74% of the expression variation in held-out sequence variants. By incorporating the dominant features of these models, we show that a combined model with as few as 13 predictors explains 68% of the variation and the six major predictors explain 61% of the variation. To further validate our model, we tested its ability to predict protein abundance levels of a smaller, distinct pool of mutants that we constructed in the 5′-UTR of RPL8A. In this newly generated library, we only modified positions −6 to −1 and changed the overall sequence composition of the pool. Remarkably, the same model explained 71% of the expression variation of this additional pool, providing strong evidence that our model accurately represents significant regulatory elements that affect protein levels in our library.
Taken together, we demonstrate that sequence manipulations in the 10 base pairs preceding the start codon have a profound impact on protein outcome. In addition, we present a robust model that predicts most of the measured fluctuations in protein abundance.
Results

Construction and Measurement of Thousands of 5′-UTR Sequence
Variants. To explore the impact of 5′-UTRs on protein levels, we generated a pool of isogenic strains that differ only in the 10 bp preceding the translational start site of a YFP reporter (Fig. 1A ). As our model gene, we selected RPL8A, a member of the tightly regulated ribosomal protein family, harboring a 17-bp-long 5′-UTR sequence (aaaacaactaattcgaaATG, determined by 5′-RACE; see Materials and Methods for details). We constructed a yeast strain containing a genomically integrated RPL8A promoter sequence fused to a YFP reporter, as recently described (37) . We then used a single-stranded oligo transformation to create random mutations in the 5′-UTR of RPL8A between positions −10 to −1. As a control, all library strains contained an identical TEF2 promoter-mCherry cassette (TEF2 is a translation elongation factor), allowing us to estimate global variations in protein levels that were unrelated to our perturbations.
We adapted a recent method (3) for accurately measuring protein abundance and sequencing the target region in thousands of different strains within a single experiment (Fig. 1B) . Briefly, we sorted our mutant library into 24 bins based on the ratio of YFP to mCherry fluorescence (SI Appendix, Fig. S1 ). Using a bin-specific bar-coding approach, we PCR amplified the target region of each variant and subjected our samples to parallel DNA sequencing. We then used these bar codes to unambiguously map each sequencing read to its corresponding bin (SI Appendix, Method S1). We identified 2,041 unique sequence variants (including wild type) composed, on average, of 40% A, 35% C, 10% T, and 15% G nucleotides (SI Appendix, Note S1). Each of these variants was covered by at least 100 sequencing reads, with many (60%) covered by more than 1,000 reads [median number of reads, 1,312 ± 1,168 median absolute deviation (MAD)]. Subsequently, we obtained for each variant a single measure of its mean protein abundance, based on the distribution of its sequencing reads across expression bins (Materials and Methods and SI Appendix, Fig. S2 ). For a list of sequence variants and protein abundance levels, see Dataset S1.
To gauge the accuracy of the resulting abundance levels, we isolated 84 strains from our sorted mutant pool and conventionally sequenced the target 5′-UTR segment (SI Appendix, Note S2). We measured for each individual strain the ratio of YFP to mCherry fluorescence by flow cytometry and compared (1) We sorted our 5′-UTR mutant library into 24 bins according to the ratio between YFP and mCherry fluorescence (YFP/mCherry). (2) We PCR amplified each bin using bin-specific primers, each containing a unique 5-bp bar code sequence. We then pooled the obtained PCR products, subjected them to parallel DNA sequencing, and mapped each sequence read to a specific variant and to a specific bin (using the bin-specific bar codes). We quantified the mean protein abundance of each variant by using the distribution of its sequencing reads across expression bins (Materials and Methods). (3) As a control, we isolated individual strains from each bin, Sanger-sequenced the target 5′-UTR region, and measured the ratio between YFP and mCherry fluorescence by flow cytometry. (C) Our system provides highly accurate quantification of protein abundance levels. Shown is a comparison of the mean YFP-to-mCherry ratio as measured by flow cytometry (y axis; isolated variants), against abundance measurements estimated from our parallel sequencing approach (x axis; pooled variants) (R 2 = 0.98). (D) The figure depicts the distribution of protein abundance levels among 2,041 sequence variants. Note that mutations in the 5′-UTR (between positions −10 and −1; aaaacaaNNNNNNNNNNAUG) generate approximately a sevenfold difference in protein levels.
the obtained measurements with our parallel sequencing estimations. We found excellent agreement between protein abundance derived from parallel sequencing data and isolated strains (Pearson's R 2 = 0.98 for comparing the means; Fig. 1C ). Our system can also estimate the SD with high accuracy (Pearson's R 2 = 0.84; SI Appendix, Fig. S3 ), although it may not capture other aspects of the distribution equally well (SI Appendix, Note S3, and related SI Appendix, Fig. S4 ).
We assessed the influence of our mutations on protein output and found that protein expression was substantially affected, resulting in a continuous dynamic range of approximately sevenfold (Fig. 1D) . Because YFP is linked to different 5′-UTR sequences and mCherry is under the control of a constant promoter (across all variants), we expected the differences in YFP expression to be primarily due to our 5′-UTR perturbations. Indeed, we did not find a significant correlation between YFP and mCherry fluorescence in our 84 single-strain controls (Pearson's R 2 = 0.006, P = 0.47; Spearman's ρ = 0.15, P = 0.18). This is in line with our observation that, whereas YFP expression varies considerably, mCherry abundance has low variation (SI Appendix, Fig. S5 ).
Finally, to determine whether mutations in the 5′-UTR may also lead to differences in mRNA levels, we performed quantitative PCR for 15 sequence variants with a 4.5-fold range of protein levels (strains were chosen from our validation library; Materials and Methods). We found a high correlation between mRNA levels and protein abundance levels (Pearson's R 2 = 0.71, P < 10 −4 ; SI Appendix, Fig. S6 ), consistent with previous results showing that in yeast, reducing the efficiency of translation can sometimes lead to decreased mRNA stability (38) (39) (40) .
Overall, the results show that our method can accurately measure protein abundance in thousands of variants and that perturbations immediately upstream of the start codon generate a substantial variation in protein output.
The Phenotypic Effect of Individual 5′-UTR Nucleotides at Positions −3 to −1. We subsequently sought to study the influence of individual nucleotides at specific positions on protein expression. We assessed the over representation and under representation of each nucleotide between positions −10 to −1 in highly and lowly expressed variants (10% of sequences with highest and 10% with lowest expression, respectively). We found that highly expressed variants (205 sequences) exhibit marked enrichment of adenine (P < 10 −14 ) and moderate depletion of cytosine (P < 10 −8 ) nucleotides in the three positions immediately upstream of the start codon ( Fig. 2A, Upper Left) . Conversely, suppressed variants (204 sequences) display some preference for a pyrimidine at position −3 (P < 10
), guanine at position −2 (P < 10 −5 ), and cytosine at position −1 (P < 10 −4 ) ( Fig. 2A, Upper Right) . We obtained equivalent results for other fractions of highest and lowest expressed variants (SI Appendix, Fig. S7 A and B) . We performed similar analysis on a genome-wide scale in yeast and found that high ribosome density genes [10% of genes with highest ribosome density (530 genes); ref. 5] have a comparable, albeit weaker, enrichment profile, particularly at position −3 ( Fig. 2A , Lower Left; for analysis of low ribosome density genes, see SI Appendix, Fig. S7C) .
In mammalian cells, there is a strong nucleotide preference for a purine (A/G) at position −3 (Kozak sequence, A/GCCaugG), previously demonstrated to be necessary for efficient translation (9) . Motivated by this, we compared protein levels in the presence (n = 1,164) and absence (n = 877) of a −3 purine. We found a notable increase in protein levels in −3 purine-containing strains (P < 10 −81 ; Fig. 2B ), although the magnitude of the effect is relatively modest (expression is elevated from 8.5 ± 2.2 to 10.5 ± 1.8; median ± MAD), consistent with small-scale studies in yeast (33, 36, 41) . Quantification of the potentially confounding effect of nearby nucleotides (at positions −5, −4, −2, and −1) suggests that the positive influence of a purine at position −3 holds across several sequence contexts (SI Appendix, Fig. S8A ). Interestingly, the concurrent occurrence of a −3 purine and an adjacent adenine (at positions −4, −2, or −1) enhances expression, compared with −3 purine alone (P < 10 −20 ; SI Appendix, Fig. S8B ). Moreover, the presence of adenine at position −1 can, by itself (without a −3 purine), increase protein levels (P < 10 −29 ; SI Appendix, Fig. S8C ). Taken together, our findings indicate that the AUG context, particularly at the three positions immediately upstream of the start codon, has a significant effect on protein levels (explaining 29% of the total expression variation in our library; Fig. 5D , orange, Top). Previous analyses in S. cerevisiae have suggested that mRNA secondary structures of endogenous 5′-UTRs have small but significant inverse correlation to protein abundance (42) and ribosomal density (42, 43) . However, the validity of this association in the context of 5′-UTR sequence manipulations has only been tested in small-scale experiments (34, 35, 41, 44, 45) . To study the contribution of secondary structure to expression variation, we computed the folding free energies for our variants across a range of mRNA lengths and positions. As the free energy 
, where, P set[i,k] denotes the probability of nucleotide i at position k in a subset of sequence variants (e.g., 10% of sequences with highest expression) and P back [i,k] is the probability of the same nucleotide at the same position in the appropriate background model (the remaining set of sequences). The relative height of individual symbols (A, C, G, or T) equals to E set[i,k] , whereas enrichment and depletion are indicated by positive and negative E set[i,k] values, respectively. Statistical significance was quantified by using a two-tailed Fisher's exact test, controlling for a false discovery rate (74) measure, we used the minimum free energy (MFE), representing the most stable structure of an RNA sequence (46) . We found a significant association between thermodynamically stable secondary structures (lower MFE) and reduced protein levels for all folding segments, predominantly when including at least the first 12-13 bp of YFP ( Fig. 3 , Left; Spearman's ρ = 0.4 ± 0.08, median ± MAD; P < 10 −4 for all tested regions). Although it was previously shown that the MFE can predict ∼70% of secondary structure (47) , some RNAs can give rise to several structures (48, 49) , and the MFE may not always represent the native conformation (50) . Therefore, we additionally calculated the ensemble free energy (EFE; using RNAfold, ref. 51), expressing the sum of contributions of the Boltzmann-weighted free energies of possible structures for a given RNA sequence. Notably, the EFE produced very similar results with a Spearman correlation of 0.43 ± 0.08 (median ± MAD; P < 10 −5 for all tested regions; SI Appendix, Fig.  S10 , and SI Appendix, Note S4).
To further explore the correlation between MFE and protein abundance, we divided our data into four equally sized intervals of MFE values (total range, −25.66 to −11.18 kcal/mol). We calculated the MFE for the region between positions −15 to +50, which has a relatively high MFE-protein correlation (Spearman's ρ = 0.42; Fig. 3, Right) . We found significant correlations between MFE levels and protein abundance levels for sequence variants from the three lower intervals (MFE between −25.66 and −14.8 kcal/mol) (largest P = 0.01; SI Appendix, Fig.  S11 ). We also partitioned the data based on the protein foldrange of each variant (the ratio between the expression of its maximal and minimal bin) and found significant correlations for all subsets (largest P < 0.01; SI Appendix, Table S1 ).
To estimate the relevance to endogenous 5′-UTRs, we explored the genome-wide association between the thermal stability (MFE) of yeast mRNAs around start codons and ribosomal density (used as a proxy for translation efficiency). We obtained small but significant associations (largest Spearman's ρ = 0.224 for positions −27 to +23; P < 10 −38
; SI Appendix, Fig. S12 ), supporting the broader significance of our findings.
Our results suggest that sequence variants that are folded into stable mRNA secondary structures tend to produce less protein (R 2 = 0.18; Fig. 5D , light blue panel), most likely because such structures impede translation initiation (21, 34, 35, 45) .
Out-of-Frame Upstream AUGs Attenuate Protein Expression. uAUGs are key functional elements in 5′-UTRs, known to affect the efficiency of translation (17, 23, 52) . To gain insights into their effect on our library, we compared the protein abundance levels of uAUG-free variants and sequences harboring a single inframe or out-of-frame uAUG (the native 5′-UTR of RPL8A does not contain a uAUG). We defined a uAUG as a start codon upstream of the main ORF, without a subsequent in-frame stop codon in the 5′-UTR (see Fig. 4A for illustration and legend for comment). We anticipated that in-frame upstream start codons would not affect protein levels considerably, as they may produce a functional N-terminally extended protein, exclusively or in addition to the major polypeptide (9, 17, 30, 53) . Indeed, in- Fig. 3 . Stable mRNA secondary structures are correlated with reduced protein levels. The left panel shows a heat map of Spearman correlations, where each correlation denotes the association between the minimum free energy (MFE) of a given mRNA region and protein levels, in 2,041 variants. We used the region between −10 and −1 as the smallest folding segment, while moving upstream and/or downstream in 1-bp steps (up to −17 and +100). The y and x axes represent the start (in 5′-UTR) and end (in coding region) position of each folded segment, respectively. For each correlation, we obtained a two-sided P value by performing 100,000 permutation tests of shuffled expression values. For clarity of the figure, we removed folding segments that include only 5′-UTR nucleotides, without the YFP coding region (the Spearman's ρ for these regions is 0.09 ± 0.003; median ± MAD; P < 0.001). The right panel shows an example of the above relationship for the mRNA segment between positions −15 to +50 (Spearman's ρ = 0.42, P < 10
−86
). We obtained equivalent results, albeit with slightly higher correlations, by using the ensemble free energy measure (SI Appendix, Fig. S10 , and related SI Appendix, Note S4). Folding free energies were computed with RNAfold from the Vienna RNA package at a folding temperature of 30°C (51). Fig. 4 . Out-of-frame upstream start codons attenuate protein expression. (A) Schematic representation of in-frame and out-of-frame uAUGs. We note that our definition of a uAUG (see text) differs from the traditional upstream ORF (uORF) which usually contains a uAUG triplet and an in-frame stop codon, fully embedded within the 5′-UTR. (B) Out-of-frame uAUGs decrease protein levels. Shown are position-specific box plots of protein abundance (y axis) for out-offrame uAUGs (light blue), in-frame uAUGs (magenta), and uAUG-free sequences (yellow). The x axis indicates the position of the A nucleotide in the uAUG triplet (relative to the main ORF). Note that RPL8A contains an adenine nucleotide at position −11 (there are no mutations at this position) and hence may form a uAUG codon. P values (see text) were obtained using two-sided Wilcoxon rank sum and Kolmogorov-Smirnov tests. (C) The inhibitory effect of out-offrame uAUGs is augmented by optimal uAUG context. The graph represents a comparison of protein abundance levels of out-of-frame uAUG variants with optimal (purine, red bar) and suboptimal (pyrimidine, light blue bar) nucleotides at position −3 upstream of the uAUG codon (two-sided Wilcoxon rank sum, P < 0.01). Error bars represent the SD. frame upstream start codons (27 variants) did not attenuate protein expression compared with uAUG-free sequences (n = 1,989) (P = 0.84). In sharp contrast, out-of-frame uAUGs produced a highly significant repression of ∼2.4-fold, on average (25 sequences; mean ± SD, 3.9 ± 2), in comparison with in-frame (mean ± SD, 9.5 ± 1.8; P < 10 −12 ) and uAUG-free variants (mean ± SD, 9.3 ± 2.4; P < 10 −13 ) (Fig. 4B) , most likely resulting from premature termination of translation within the YFP coding sequence. This inhibitory effect is not confounded by other sequence differences (SI Appendix, Fig. S13 ).
Based on earlier reports (16, 29, 36) , we hypothesized that the effect of out-of-frame uAUGs may vary, depending on their neighboring sequence context. To test this, we compared out-offrame uAUG variants with optimal (purine) and suboptimal (pyrimidine) nucleotides at the −3 position upstream of the uAUG triplet (Fig. 4C) . We found an almost complete abolishment of protein output in out-of-frame uAUGs within an optimal context (mean ± SD, 2.4 ± 0.6; n = 9), versus suboptimal context (mean ± SD, 4.8 ± 2; n = 16) (P < 0.01). This result implies that when positioned within a favorable context, uAUGs promote more frequent translation from the uAUG codon, thereby acting as a barrier for downstream translation of the main ORF. Because these uAUGs are out-of-frame, they are likely to produce aberrant proteins, resulting in considerable attenuation of protein expression. For the in-frame uAUGs, expression levels were invariably high, regardless of the uAUG context, with average expressions of 9.8 ± 1.4 SD (n = 20) and 8.7 ± 2.4 SD (n = 7) in variants with optimal and suboptimal context, respectively (two-sided Wilcoxon P = 0.29). Notably, upstream out-of-frame non-AUG initiation codons had a relatively minor impact, if any, on protein levels in our library (SI Appendix, Fig. S14) .
Overall, because a small fraction of 5′-UTR sequences contains an out-of-frame uAUG triplet (1.2%), this element explains only 6% of the expression variation in our library (Fig. 5D, pink panel) . Nevertheless, our findings demonstrate that, when present, out-of-frame uAUGs can act as powerful inhibitors of protein levels, depending on the context of the uAUG codon.
Quantitative Model of 5′-UTR-Mediated Regulation of Protein
Expression. Although each of the above elements is correlated with protein abundance and likely affects protein levels, none of these features on their own can fully account for the observed expression variation in our library. We thus sought to devise a quantitative model that integrates these features and other The colored lines depict the average R 2 (y axis) obtained in a 10-fold cross-validation (CV) strategy for linear models that each uses a different number of feature predictors (x axis), for both the train (magenta) and test (orange) sets. The colored areas above and below the lines represent the SD. Note that a high fraction of the expression variation can be explained, for example, by using 20 predictors (mean ± SD, test R 2 = 0.69 ± 0.05), whereas adding further features only marginally improves performance (mean ± SD, test R 2 = 0.74 ± 0.05; 40 predictors). (B) A combined model with as few as 13 predictors explains 68% of the expression variation in our library. A comparison between measured protein abundance (x axis) and abundance levels predicted by our combined model (y axis), using the 13 most informative predictors. Protein abundance levels are expressed as standardized scores (during model construction, continuous predictors and measured protein levels were standardized to zero mean and unit SD; binary predictors were coded as 1 and 0). (C) A graphical depiction of our combined model. Shown are the 13 predictors (y axis) included in our combined model with their respective model coefficients (x axis): (i) Nucleotide preferences at positions −3 to −1 (six features, orange); (ii) mRNA secondary structure (abbreviated as RSS, light blue); (iii) out-of-frame uAUGs (pink); and (iv) short uncharacterized k-mers (five features, red). Positive and negative coefficients are marked in red and light blue dots, respectively. Numbers in brackets indicate the quantity of variants associated with each predictor. (D) Predictive power of different feature groups. We constructed a linear regression model for each of the four feature groups from C, reporting the proportion of variance explained (R 2 ) by each group. In addition, we found that the top six most dominant predictors in our combined model account for 61% of the expression variation (dark orange, Bottom). The six predictors are as follows: a purine at position −3, adenine at position −1, mRNA secondary structure, out-of-frame uAUGs, GG-dinucleotides, and a CACC pattern. As in B, protein abundance levels are expressed as standardized scores. R 2 values indicate the average performance obtained on test sets, using 10-fold CV.
elements, with the goal of predicting protein abundance measurements. We compiled a list of potential predictors, including mRNA secondary structure, in-frame and out-of-frame uAUGs, non-AUG start codons, predicted nucleosome occupancy, sequence composition statistics, and arbitrary k-mer sequences (SI Appendix, Table S2 ). We then used a cross-validation (CV) scheme (SI Appendix, Fig. S15 ), whereby we tested the ability of a model whose parameters were estimated from a subset of 5′-UTR variants (the training set), to predict protein levels of the remaining held-out set of sequences (the testing set). We randomly partitioned our dataset into 10 equally sized groups, where 9 groups were used for training and the 10th group for testing. Based solely on the training data, we selected a subset of features and used this subset to construct a linear model. We then applied this model to predict the protein abundance of the 10th held-out group and assessed its performance (R 2 or proportion of variance explained) by comparing its predictions with the experimentally obtained measurements. We repeated this process 10 times, each time holding out a different group for testing while using the remaining groups for training. To gauge the overall performance of the resulting models, we computed the average test R 2 across all 10 CVs and found that the predictions of the models on held-out variants explained, on average, 74% of the variation in protein levels (mean ± SD, test R 2 = 0.74 ± 0.05; mean ± SD, train R 2 = 0.76 ± 0.01; 40 predictors; Fig. 5A ). To identify the most influential features and to estimate the minimal number of features necessary for robust prediction, we generated a combined regression model (SI Appendix, Fig. S15 ). To this end, we extracted features that appeared in all 10 CVs and subjected them to best-subset regression analysis (using a variant of the Bayesian information criterion; ref. 54) . We found that a combined model containing the top 13 most predictive features (an arbitrarily chosen number, used as a compromise between performance and number of predictors), accounted for 68% of the expression variation (Fig. 5B) . This model includes sequence preferences at the first three positions preceding the start codon (six features), mRNA secondary structure, out-of-frame uAUGs, and uncharacterized k-mers (five features) (Fig. 5C) . We assessed the individual contribution of each of the above predictor sets by distinct models (Fig. 5D ) and found that a relatively large fraction of the expression variation can be explained using the AUG context at positions −3 to −1 (29%) or mRNA secondary structure (18%). Smaller portions were accounted for by out-of-frame uAUGs (6%). Notably, 90% of the predictive power of the combined model is attributed to merely six predictors (explaining 61% of the variation; Fig.  5D , dark orange, Bottom).
Our findings show that two-thirds of the variation in protein expression can be predicted by integrating a relatively small number of features. Analysis of the individual contributions of these features provides strong evidence for the dominant role of the AUG context at positions −3 to −1, mRNA secondary structure, and out-of-frame uAUGs.
Accurate Prediction of a Mutant Library with a Distinct Base
Composition. To test the generality of our model, we constructed two additional libraries in the same 5′-UTR sequence (RPL8A). In one library, we repeated the original mutagenesis, generating a second A/C-rich collection of random perturbations at positions −10 to −1 (44 variants). In the other, we constructed a pool of G/C-rich sequences in which we randomly mutated only positions −6 to −1 (65 variants). We subjected each library to Sanger sequencing and microplate reader measurements of the YFP-to-mCherry ratio, as previously described (37) . Most critically, the new pools contained distinct sequence variants that were not present in the large-scale library. These libraries had substantial fluctuations in protein levels as well, with 6.5-fold (first pool) and 4.6-fold (second pool) differences. Notably, the combined model, which was generated using only the large-scale collection, explained 69% (Fig. 6 , Left) and 71% (Fig. 6, Right) of the expression variation in the first and second independently constructed libraries, respectively. Of note, mRNA secondary structure was of higher importance in the G/C-rich collection. These results offer convincing independent validation for the generality of our model and for its ability to accurately capture the quantitative effects of modifications in the 5′-UTR on protein levels in RPL8A.
Discussion
In this study, we constructed a robust model that successfully predicts the combined effect of different 5′-UTR elements on protein levels, based on mutations in the RPL8A 5′-UTR region immediately upstream of the start codon (positions −10 to −1). To directly measure the impact of 5′-UTRs on protein levels, we devised an experimental system that isolates the effect of different 5′-UTR sequences from other regulatory regions, such as promoters and 3′-UTRs. Using parallel DNA-sequencing methodology, we accurately determined protein abundance in thousands of variants, differing only in the sequence spanning positions −10 to −1. We show that random perturbations in the 5′-UTR produce a marked and gradual change in protein abundance (approximately sevenfold). By exploring the sequence differences among our variants, we identified several key regulatory principles, including the composite impact of the AUG context at positions −3 to −1 and the negative influence of mRNA secondary structure and out-of-frame uAUGs. We demonstrate that a combined model that uses a relatively small number of feature predictors (13 features), explains a highly significant fraction (68%) of the variation in protein levels in our library. Nevertheless, our current model cannot account for the remaining ∼30% of variation, which might be related to experimental noise and yet-uncharacterized biological factors.
A detailed examination of the individual contributions of our predictors allowed us to dissect their relative importance. We show that the combined effect of nucleotides in the three positions immediately upstream of the start codon is relatively large (R 2 = 0.29), where a purine at position −3 has the greatest (positive) impact on protein levels. Additionally, we found that The predictions were based on standardized features (z scores), whereby we used the mean and SD obtained for a specific feature in the large-scale library to standardize the same feature in the new collections (assuming that all pools come from the same probability distribution). Binary predictors were coded as 1 and 0. Linear fits are depicted in black with their respective 95% confidence intervals (the colored area above and below the lines).
the −3 position of high ribosome density genes in yeast is relatively enriched with adenine. These results reinforce previous findings from (i): small-scale mutagenesis experiments, which indicate that protein expression in yeast is positively and negatively affected by a purine (mostly adenine) and a pyrimidine at position −3, respectively (33, 36, 41) ; and (ii) a genome-wide survey of high ribosome-occupancy genes, showing that natural 5′-UTRs in yeast are typically A-rich, particularly at positions −4 to −1 (14) . In mammalian cells, although the optimal motif upstream of the AUG codon (GCCA/GCCaug) differs overall from that of yeast, a purine at position −3 (in bold) is a key factor in determining the efficiency of translation (9, 16, 55) . This −3 purine is thought to exert its beneficial action on the selection of AUG codons via specific interaction with eIF2α, a component of the mammalian 43S preinitiation complexes (56) . However, unlike mammalian systems (9) and in accordance with earlier reports in yeast (33, 36, 41) , our study indicates that in the absence of a −3 purine, expression levels are only moderately impaired, suggesting a role for other regulatory elements in shaping protein levels.
We also found that the folding free energies of manipulated 5′-UTRs are significantly correlated with protein levels (R 2 = 0.18). This finding is congruent with large-scale investigations of natural 5′-UTRs in yeast (42, 43) , primarily when involving the 10 bp preceding the start codon (43) . However, the strength of the relationship is considerably greater for manipulated 5′-UTRs (compare Fig. 3 with SI Appendix, Fig. S12 ). Interestingly, in comparison with mammalian cells (57) , yeast 5′-UTRs were suggested to be more sensitive to the introduction of secondary structures (34, 41, 44, 45, 58) . Such base-paired structures may act to slow down ribosomal scanning by impeding the unwinding activity associated with RNA helicases (59) . Whereas natural 5′-UTRs in yeast have evolved to be relatively free of stable secondary structures (43, 60, 61) , we suggest that sequence manipulations in the 10 bp preceding the translational start site can be applied effectively to generate structured mRNAs which can modify protein output.
In addition we provide evidence that out-of-frame uAUGs repress protein levels at the main ORF by more than 50% on average. We show that a favorable context (−3 purine) at the upstream vicinity of out-of-frame uAUG codons, nearly abolishes the expression of YFP, transforming these uAUGs into potent suppressors. Of note, the limited number of sequence variants that contain an out-of-frame uAUG codon (25 variants) is likely to account for the small contribution of uAUGs to the total explained variation in our library (6%). Our findings corroborate previous analyses in yeast (23, 36) and humans (31) . Because translation is typically initiated at the first in-good context AUG codon encountered by a scanning ribosome, AUGs upstream of the main ORF can hinder initiation at the canonical AUG (9, 62) . When the uAUG is in-frame, a functional protein isoform with an N-terminal extension may be produced (9, 17, 30, 53) . In contrast, ribosomes initiating at an out-of-frame uAUG, frequently encounter an early termination codon, and may trigger RNA degradation via nonsense-mediated decay (23) . Nevertheless, when an out-of-frame uAUG is embedded in a suboptimal context, a fraction of the ribosomes may skip the uAUG and initiate translation at the main start codon (leaky scanning), resulting in a less dramatic inhibition of protein expression (16, 29, 36) . From an evolutionary standpoint, because uAUGs in yeast may have a detrimental effect on protein levels, it was suggested that they are exposed to strong forces of purifying selection, causing pronounced depletion of uAUGs in natural 5′-UTRs (23, 63) . However, uAUGs were shown to be relatively conserved in the ∼20% of genes that retained their uAUG triplets (23) , implying that such upstream start codons have a pivotal functional role (23, 63) .
Finally, we show for a selected set of variants that perturbations in the 5′-UTR can alter both protein and mRNA levels. However, we observed a greater absolute change in protein levels (4.5-fold) than in mRNA levels (2.9-fold). In addition, a model consisting mostly of features related to translation explains ∼70% of the variation in protein levels in our library (Fig. 5) . Together, these findings suggest that most of the differences in mRNA levels are due to translation-mediated RNA degradation, as demonstrated before (38-40). Although we cannot exclude possible effects on transcription, coupling between translation and mRNA degradation has previously been demonstrated in manipulated 5′-UTRs. Examples of these manipulations include: the introduction of strong secondary structures (64) or an upstream ORF (65) in the 5′-UTR, changing the AUG context (66) , and generating out-of-frame uAUGs (23) .
Our study has several limitations. As we only analyzed one gene and with a relatively short 5′-UTR, it is unclear whether our model can be generalized to other genes, in particular genes with longer 5′-UTRs, in which additional modes of regulation might play a greater role. Moreover, although we generated a comprehensive pool of sequences, only a subset of the possible 10-mer space was measured and the effect of unexplored variants remains unknown. Nevertheless, our model is highly predictive of both held-out sequence variants and of an independently constructed pool with a distinct base composition (exploring a different part of the sequence space), indicating that it can capture a major fraction of the underlying rules.
Overall, we devised a robust model that integrates the effects of several distinct 5′-UTR regulatory elements on protein levels and which is capable of predicting these effects with high accuracy. In this study, we mutated the 5′-UTR of RPL8A, a highly expressed gene, and have shown that the vast majority of sequence variants have lower protein levels compared with the wild type strain. We hypothesize that there might be certain genes, particularly lowly expressed genes, for which 5′-UTR manipulations can substantially elevate expression. However, additional experiments are necessary to directly test this hypothesis. As the role of 5′-UTRs in shaping protein levels is further studied, it will be important to apply similar methods to both highly and lowly expressed genes, in diverse environmental conditions. To arrive at a more comprehensive understanding of the regulatory code embedded within 5′-UTRs, it will be necessary to experimentally test the genome-wide involvement of various 5′-UTR elements, and the relative contribution of each element to both transcriptional and posttranscriptional regulation.
Materials and Methods
OD Measurements. OD measurements of yeast cells at 600 nm refer to ∼5 × 10 6 cells per mL in one OD unit.
Generation of an RPL8A promoter -YFP Start Codon Knockout Strain. A master strain was constructed by introducing a dsDNA cassette composed of [ADH1 terminator-mCherry-TEF2 promoter]-[YFP-ADH1 terminator-NAT1] into the Y8205 yeast strain at the histidine deletion locus (his3), as previously described (ref. 37; see this reference for the master strain sequence). This master strain served as a template for building an RPL8A promoter -YFP start codon knockout strain (Fig. 1A) . The RPL8A promoter, defined as the sequence from its translational start site to the end of its upstream neighboring gene, was amplified by PCR from the BY4741 yeast strain and linked to a uracil selection marker (URA3) using a PCR-based procedure (67) . To allow efficient integration into yeast DNA, the 3′-tail was extended to 45 bp. Next, the URA3-RPL8A promoter fusion product was inserted into the master strain genome by homologous recombination (68), directly upstream of YFP. Transformants were selected on synthetic complete plates lacking uracil and screened by a Typhoon imager to identify RPL8A + colonies lacking a functional YFP reporter activity. To validate the correct insertion of RPL8A and to identify strains carrying a nonfunctional YFP gene, individual colonies were amplified by PCR and Sanger-sequenced. The resulting strain contained a point mutation in the translational start site of YFP (ATG to AAG; Segal laboratory strain 556; for sequence, see SI Appendix, Method S2). Primers are listed in SI Appendix, Table S3 A-F.
Inactivation of MSH2 (MutS Homolog 2).
Single-stranded DNA oligos can be used to produce small genetic modifications via a simple transformation procedure (69) . Because the transformation efficiency may be reduced by the endogenous mismatch repair system (70), MSH2 (YOL090W), a DNA mismatch repair gene, was inactivated by partial deletion and replaced by a kanamycin-resistance marker (KanMX4) (Fig. 1A) . Briefly, a KanMX4 cassette was PCR amplified from the pKT103 plasmid (pFA6a-link-yEVenus-KAN) obtained from EUROSCARF. Primers included 20 bp matching to pKT103 and 40-bp tails homologous to the ORF (in reverse primer) or upstream region (in forward primer) of MSH2. The KanMX4 construct was then transformed into the RPL8A promoter -YFP start codon knockout strain (Segal laboratory strain 556), and G418-resistant transformants were selected and verified by PCR (Segal laboratory strain 556ΔMSH2). For primers, see SI Appendix, Table S3 G-J.
Single-Stranded Oligonucleotide Design. A single-stranded oligonucleotide (ssOligo) (56-bp-long) was designed to contain a 10-bp stretch of random nucleotides, flanked by constant sequences matching to RPL8A (positions −34 to −11, relative to A[+1] of the AUG start codon) and a part of YFP (positions +1 to +22) at the 5′ and 3′ ends, respectively. To allow start codon repair (reactivating YFP expression), the ssOligo included an ATG triplet corresponding to the mutated start codon of YFP (AAG). ssOligos were obtained from IDT (Integrated DNA Technologies) with standard purification (for sequence, see SI Appendix, Method S3).
Construction of a Large-Scale 5′-UTR Mutant Library. Random mutations in the 5′-UTR of RPL8A were created by following an electroporation-based singlestranded oligo transformation (modified from Otsuka et al.; ref. 69) . A single clone from a freshly streaked plate of an RPL8A promoter -YFP start codon knockout strain (Segal laboratory strain 556ΔMSH2) was inoculated into 5 mL of yeast extract peptone dextros (YPD, rich medium) and incubated overnight at 30°C. The culture was then inoculated in 45 mL of YPD and grown for approximately three cell divisions. The cells were harvested by centrifugation (2,800 × g for 3 min, 4°C) and immediately chilled on ice for 5 min, rinsed twice with ice-cold double-distilled water, and once with cold 1 M sorbitol. Competent cells were finally generated by resuspending the cells in 900 μL of sterile 1 M sorbitol. Aliquots of 100 μL of competent cell suspension (containing ∼10 8 cells each) were pelleted by centrifugation and mixed with ssDNA oligos (8 nmol), resuspended in sorbitol (to a final concentration of 1 M), and incubated on ice for 5 min. The mixture was electroporated on a Gene Pulser (Bio-Rad, using a prechilled electroporation cuvette) at 200-Ω pulse, 25 μF, and 1.5 kV. Electroporated cells were immediately suspended in 1 mL of YPD and allowed to recover in 100 mL of YPD overnight.
Collection of Mutant Cells. Fluorescence-activated cell sorting was used to detect YFP + cells, resulting from the ssOligo-mediated start codon repair. Cells were filtered using tubes with cell strainer caps (BD Falcon) to remove large cell aggregates, diluted in YPD (1:10), and sorted with a FACSAria sorter (Becton Dickinson). Isolated YFP + cells were grown to stationary phase at 30°C under continuous shaking (250 rpm) in fresh YPD (50 mL) and stored at −80°C. To verify the correct construction of a mutant library, individual colonies were randomly selected, amplified by PCR, and Sanger-sequenced (for primers, see SI Appendix, Table S3 K and L).
Sorting into 24 Expression Bins. To prepare the cells for bin sorting, stationary library cultures were thawed and diluted in YPD (500 mL) to OD 600 0.02-0.03 and allowed to grow to stationary phase (30°C at 250 rpm). Cells (1 mL at OD 600 of ∼12) were then diluted to OD 600 of ∼0.05 and grown until cell density reached midexponential phase (OD 600 of 0.5-1.5). Next, the cells were filtered with cell strainer caps (BD Falcon) to remove clumps and sorted using a Becton Dickinson FACSAria sorter equipped with 488-and 561-nm lasers. We used fresh mid log phase cultures for each round of sorting. Sorting gates were constructed on the basis of the following: (i) side scatter (SSC)-A vs. forward scatter (FSC)-A profile; (ii) FSC-W vs. FSC-A profile; (iii) mCherry fluorescence (used as a control, excluding too-high or too-low intensity levels); and (iv) YFP background levels (autofluorescence was determined by measuring the YFP fluorescence intensity of our start codon knockout strain). We then sorted the cells into 24 bins (SI Appendix, Fig. S1 ) based on the ratio of YFP to mCherry, from lowest (bin 1) to highest (bin 24). Because the sorting process is labor intensive, we decided to use 24 bins as a trade-off between experimental complexity and the ability to achieve appropriate resolution. We collected a total of ∼5,400,000 cells (from all 24 bins). Bins were inoculated in YPD (5 mL each) and incubated at 30°C until reaching stationary phase (OD 600 of ∼12; stored at −80°C).
Design of Bar Codes and Primers.
A set of 24 reverse primers (25 bp each, one for each bin) was designed to contain a constant region (20-bp-long) matching the start of YFP (positions +1 to +25; constant in all strains across all bins) and a unique 5-bp bar code sequence (5′-XXXXXAATTCTTCACCTT-TAGACAT-3′, where the Xs denote the unique 5-bp bar code). The forward primer (one, 25-bp-long) consisted of 22 bases corresponding to RPL8A promoter and a randomized 3-bp-long region at the 5′ end (5′-NNNGA-CGCTAAATTGTTTATAAAGG-3′, the random Ns part was required for sequencing by oligonucleotide ligation and detection (SOLiD) and was not used in any downstream analysis). Primers and bar codes are listed in SI Appendix, Table S4 .
Sample Preparation for Sequencing. Stationary phase cultures of library bins (25 μL of cells per bin) were grown in YPD (175 μL) to saturation in 96-well plates (at 30°C). Cells were then pelleted by centrifugation (3,220 × g for 1 min) and heat treated at 99°C for 10 min in 0.02 M NaOH (42 μL). NaOHtreated cells were centrifuged at 3,220 × g for 1 min, and 8.4 μL of the supernatant (from each bin) was used for PCR amplification. PCRs (30 μL each) included 8.7 μL of double-distilled water, 6 μL of 5× Phusion buffer (Finnzyme), 3 μL of 2 mM dNTPs mix, 0.9 μL of 25 mM MgSO 4 , and 0.6 μL of Phusion High-Fidelity DNA Polymerase (Finnzyme). Bin-specific bar-coded reverse primers and one forward primer (SI Appendix, Table S4 ) were used in concentrations (stock) of 6 μM (1.5 μL) and 10 μM (0.9 μL), respectively (final concentration of 0.3 μM each). The PCR was performed with a preliminary melting step at 98°C for 30 s and 28 cycles of 98°C (10 s), 60°C (30 s), and 72°C (10 s). A closing extension step was carried out at 72°C for 10 min. The PCR products from each bin were purified and eluted in a volume of 20 μL.
Pooling of PCR products and Sequencing. DNA concentrations of PCR-amplified bins were measured in 96-well plates using a Tecan microplate reader (Infinite 200). Briefly, 1 μL from each PCR product was added to 199 μL of Qubit dsDNA HS assay mix (Invitrogen), according to the manufacturer's instructions. The PCR products were pooled from all bins to yield final quantities that were proportional to the original fraction of each sorting bin of the entire population (for fractions, see SI Appendix, Fig. S1 ). The DNA mix was concentrated and a sample containing ∼100 ng of DNA in a total volume of 30 μL was subjected to parallel DNA sequencing. Parallel sequencing was carried out using Applied Biosystems SOLiD sequencing (BC-MM50/35/10 kit; PN 4459182).
Fluorescence Measurements of Single-Strain Controls. Cells from each sorted bin were subjected to serial dilutions, plated on six-well YPD agar plates, and incubated for 2 d at 30°C. Four colonies were randomly selected from each bin (96 in total) and individually grown to stationary phase in 96-well plates containing YPD (180 μL/well). Next, we PCR amplified the DNA segment composed of the RPL8A promoter and the start of YFP from each clone (for primers, see SI Appendix, Table S3 K and L), using Dream Taq DNA Polymerase (Fermentas). The obtained PCR products were purified and subjected to Sanger sequencing. We then measured, for each isolated strain, the ratio between YFP and mCherry fluorescence. Briefly, individual strains were grown in synthetic complete (SC) medium (180 μL) for 2 d to saturation (30°C), diluted in fresh SC in two replicates, and allowed to grow to midexponential phase (OD 600 of 0.5-1). Flow cytometry analysis was performed on an LSRII (BD Biosciences) 96-well plate platform. To obtain a more homogenous cell population, cells were gated based on FSC-A vs. FSC-W and FSC-A vs. SSC-A profiles. Data were analyzed with a self-written MATLAB script. We note that the YFP-to-mCherry ratio of isolated variants in Fig. 1C (y axis) refers to measurements from one replica (the Pearson's R 2 between replicates is 0.99). We additionally validated the obtained measurements by quantifying the YFP-to-mCherry ratio with a robotically operated microplate reader (Tecan Infinite F500), in three independent experiments, as previously described (37) (the Pearson's R 2 between flow cytometry and plate reader measurements is 0.98).
Quantification of Protein Abundance. (i) For each sorted bin, we first computed the average YFP-to-mCherry ratio of the cells that were sorted into that bin. (ii) We then mapped each sequencing read both to a specific variant and to a specific expression bin (using our bin-specific bar codes; SI Appendix, Method S1). Each such read added one count to an entry of a matrix that describes how all sequence variants are distributed across all expression bins. In this matrix, each row represents a single sequence variant and each column represents an expression bin. This matrix was further processed according to the following steps: (a) we normalized the sum of reads of each bin (column) to 1, (b) we scaled (multiplied) each bin (column) according to its fraction of the entire population (fractions are listed in SI Appendix, Fig. S1 ), and (c) we normalized the sum of each sequence variant (row) to 1. After this step, each row represented the distribution of cells that contained the sequence variant over all sorted expression bins. To reduce experimental noise, bins at the tails of each variant's distribution that had a small number of reads were set to zero (removing at most 5% of each variant's reads). (iii) Finally, we used the normalized matrix to obtain a measure of mean protein abundance according to the following formula: PA i ¼ ∑ 24 j¼1 Fbin j *R i;j , where PA i is the mean protein abundance of the ith sequence variant, Fbin j is the mean YFP-to-mCherry ratio of the jth bin (as measured by flow cytometry), and R i;j is the fraction of normalized sequence reads of the ith variant that mapped to the jth bin.
Transcriptional Start Site Mapping. To experimentally determine the transcriptional start site of the RPL8A promoter -YFP strain, we used the CapSwitching 5′-RACE method (71) . Briefly, cDNA was generated from total RNA using a YFP-specific biotinylated primer (5′-/5BiosG/ACCGTAAGTAGCAT-CACCTTCA-3′) and the CapFinder primer (5′-TGGTTGCCATAAGCGGATCA TCGGGAGGAGAAACGGG-3′). cDNA was purified using Invitrogen M-280 Dynabeads. The cDNA and beads were resuspended in 200 μL of Tris·HCl at pH 8.0 and were then used (0.5 μL) in a 50-μL PCR with the forward U0 primer (5′-TGGTTGCCATAAGCGGATC-3′) and a YFP-specific reverse primer (5′-GGGACAACACCAGTGAATAATTC-3′; internal to the biotinylated primer). Sanger sequencing showed that RPL8A has a 17-bp-long 5′-UTR sequence (aaaacaactaattcgaaATG; 5′-UTR in bold).
Quantification of Relative mRNA Abundance. We measured mRNA abundance for 15 sequence variants (14 mutants and wild type) that span a 4.5-fold range of protein levels. We selected the strains from a G/C-rich validation pool with mutations between positions −6 to −1 (Fig. 6, Right) . Total RNA was purified using a MasterPure purification kit (epicenter) according to the manufacturer's instructions. RNA samples (1 μg each) were subjected to firststrand cDNA synthesis using M-MLV reverse transcriptase and oligo-dT. Quantitative PCR (qPCR) was performed by using Applied Biosystems realtime PCR instrument (StepOnePlus). qPCR primers were designed to yield YFP (the target) and mCherry (the endogenous control) products of 106-and 135-bp, respectively (for primers, see SI Appendix, Table S3 M-P). Samples were run in duplicates and included 2 μL of cDNA (∼0.5 ng each), 10 μL of KAPA SYBR FAST Master Mix, 1 μL of primers (YFP or mCherry, from a 10 μM stock), and 6 μL of nuclease-free water in a final volume of 20 μL. The qPCR was carried out at 95°C for 10 min with 45 cycles of 95°C (15 s), 60°C (30 s), and 72°C (10 s). We used the standard curve method to quantify relative mRNA abundance, expressed as the ratio between YFP mRNA and mCherry mRNA. R 2 values for both standard curves (YFP and mCherry) were 0.999.
Nonspecific products were not observed (melting-curve analysis). Sequences of selected variants (positions −6 to −1): AGGTTG, ATTCTT, CAAGCG, CCCAAC, CGAGGT, CGGGAC, CTTGTG, GACGGG, GCAGGG, GCCTAC, GCGAGG, GGCCGC, GTGCTG, TTCCTG, and TTCGAA (wild type).
Statistical Analysis and Visualization. Statistical and data analyses were conducted using the R statistical environment (ref. 72 ; R, version 3.0.0). Additional analyses, using MATLAB (R2012b) or the Vienna RNA package (version 1.6), are reported throughout the text and SI Appendix. Plots were drawn using the R ggplot2 package (73) .
